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Abstract
In fixed effects models, which are standard methods to analyze panel data, different
directions of change of an independent variable and different states in which an
independent variable remains unchanged are assumed to have no unique effect on the
change in the dependent variable. However, these assumptions might not realistically be
satisfied. In this study, I aim to capture the unique effect on the dependent variable of
different directions of change and states remaining unchanged in the independent
variable using a first difference model. I also discuss when and why such an analysis is
necessary in relation to the possible mechanisms behind the phenomenon to be analyzed,
and the significance of this analytical model. I conclude that there are some cases in
which we should choose the model that allows for the asymmetric analysis of panel data,
and that we must persuasively demonstrate why we need to apply it in such cases,
referring to the mechanism behind the phenomenon.
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1.

INTRODUCTION

Fixed effects models, along with random effects models, are standard methods to
analyze panel data. These models enable analyses that maximize the significance of
panel data, but they make strong assumptions about the effect of change in the
independent variable. One of those assumptions concerns the direction of change.
Because these models do not consider the time-series order of panel data at all, the
independent variable’s direction of change is assumed not to affect the amount of the
change in the dependent variable.
However, there are cases in which these assumptions might not realistically be
satisfied, making it a matter of concern whether they hold (Lieberson 1985). This is
especially true in such cases as empirical sociological studies, where categorical
variables are often used in analyses and there is strong interest in changes of
independent variables with a starting point and end point (i.e., the states from and to
which an independent variable changed).
A number of recent studies have proposed methods for capturing the unique effect
of different directions of change in an independent variable on changes in a dependent
variable (York & Light 2017; Allison 2019). While these are valuable attempts,
full-fledged research on this problem has only just begun and many issues remain to be
studied. For example, there has not been enough discussion about why and when it is
necessary to analyze the asymmetric effect of an independent variable. In addition, there
has not yet been sufficient consideration of distinctions between the states in which an
independent variable remains unchanged and the unique effect that it exerts, which is
equally important when focusing on the effects of changes in an independent variable.
In this study, I aim to capture the unique effect on the dependent variable of
different directions of change in the independent variable and states in which the
independent variable remains unchanged using and expanding a first difference model. I
use the effect of changes in a categorical variable, “type of employment,” on wage as an
example to examine a method of analyzing panel data that, unlike fixed effects models,
distinguishes different directions of change and states remaining unchanged in an
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independent variable. I first confirm the assumptions made in fixed effects models (i.e.,
restrictions on the effects of changes in an independent variable). Then, based on the
idea that changes in the independent variable determine changes in the dependent
variable, I present a method to relax those assumptions using a first difference model
and adding new parameters to it. Finally, I discuss when and why this method is
necessary in relation to the possible mechanisms behind the phenomenon to be
analyzed.
2.

CHARACTERISTICS OF FIXED EFFECTS MODELS

Fixed effects models and random effects models assume a basic model like that shown
in Eq. (1) for each individual at each point in time in panel data. (i represents an
individual and t represents a surveyed point in time.) Take the mean of an individual’s
values among time points [Eq. (2)] and subtract that from each of that individual’s
values at each point in time [Eq. (1)] to obtain Eq. (3).
~iid (0, σ2)

(1)
(2)
(3)

Eq. (3) is used in the fixed effects model to estimate parameter vector β. Eq. (3)
makes it possible to estimate the effect of an independent variable, controlling for
unobserved heterogeneity between individuals, because it eliminates αi, the
time-invariant effect specific to the individual (Wooldridge 2002; Baltagi 2008).
This fixed effects model does not consider the time-series order of panel data at all.
As can be understood from Eq. (3), the result of the analysis would not change even if
the order of time points in the data set were reversed or some time points interchanged.
The same holds in random effects models.
In sum, fixed effects models, as well as random effects models, do not actively seek
to understand changes in variables with the starting point and end point or their unique
effects. However, one clear advantage of panel data is that they capture detailed
3

information about changes occurring between the start and end points. In particular,
when the independent variable is categorical and there is a limit to the ways it can
change between the start and end points, further detailed analysis that distinguishes how
the independent variables changed becomes of interest. Then, what kind of model
should be used to conduct such an analysis?
3.

ASSUMPTIONS OF A FIXED EFFECTS MODEL

In this section, I examine the assumptions of a fixed effects model with the example of
the effect that a worker’s type of employment (the difference between whether they are
engaged in regular or non-regular employment) has on their wage. When using
cross-sectional data to analyze this effect, we generally incorporate a non-regular
employment dummy variable (whose coefficient is β) with regular employment as a
reference into the model. This also applies to the analysis of panel data. When we use a
fixed effects model in this way and view the results in terms of changes from the
starting to the end points, the changes in wage resulting from each combination of types
of employment at the starting and end points are estimated as shown in Table 1. Based
on this example, the fixed effects model makes the following assumptions about the
effect of changes in the type of employment on wage.
Table 1. Estimated effects in wage caused by changes in employment status

Starting
point

Regular
Non-regular

End point
Regular
Non-regular
0
β
-β
0

Assumption 1: The amount of the effect in a dependent variable (its absolute
value) remains the same even if the direction of the change in an independent
variable is opposite.
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There are two directions of change between types of employment: from regular to
non-regular employment and from non-regular to regular employment. All other
conditions being equal, the change in wage in the former case is estimated as β, while
the change in wage in the latter case is estimated as -β. In other words, the effects of the
two changes differing in direction are assumed to be equal in amount (absolute value),
with only their sign being flipped.
Assumption 2: The effect of the unchanged independent variable is the same
even if the state in which it remains unchanged differs.
In this model, when the type of employment does not change and stays in the same
type, its effect on wage is assumed to be 0 and wage is assumed not to change (or to
change in a way that is equal to the overall mean change) regardless of the type of
employment. In other words, when the independent variable does not change, the
dependent variable does not vary according to the state in which the independent
variable remains unchanged.
Consider the following analogy: the above assumptions are similar to the qualities
of reactive heat in a chemical reaction. The amount of heat that is generated (or
absorbed) as a result of a reversible reaction that changes a substance from some state A
to another state B is equal to the amount of heat that is absorbed (or generated) as a
result of the reverse reaction that changes the substance from state B to state A. In
addition, when there is no change in state, the difference in states does not affect the
change in the resulting quantity of heat since no heat is generated or dissipated.
The substance in each of those states has a particular amount of energy according to
the configuration of its chemical bonds, and reactive heat has these qualities so that the
quantity of heat generated by the change from a state in which it has a certain amount of
energy to a different state in which it has a certain amount of energy is uniquely defined
as the difference in energy between those states.
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Just as the binding energy in each state is thought to be uniquely defined according
to the chemical bonds, a fixed effects model assumes that the level of the dependent
variable at each point in time is explained by the level of the independent variables at
that point in time, without any need to consider the path the dependent variable has
taken until then [please refer to Eq. (1)]. Therefore, we can assume that the difference in
the level of the dependent variable between time points is considered equal regardless of
the direction of change of the independent variable and the state in which the
independent variable remains unchanged.
4.

RELAXING THE ASSUMPTIONS OF FIXED EFFECTS MODELS

The assumptions identified in Section 3 might not apply in the real world if we focus on
changes in the variables. This would be the case if, for example, there were a ratchet
effect whereby consumption increases when income increases but does not decrease by
the same amount as income when income decreases (e.g., Duesenberry 1949). We might
be interested in whether or not the above hypothesis is satisfied regarding the subject of
study. Thus, I develop a model that makes more detailed distinctions regarding the
changes in the independent variable by relaxing the two assumptions of fixed effects
models, thereby making it possible to understand the unique effect of the direction of
change of the independent variable and the state in which the independent variable
remains unchanged.
Specifically, this task involves two parts: (1) process the data to enable
differentiation between the target starting and end points of a change; and (2) apply
parameters that could distinguish the effects of different directions of change in the
independent variable and states in which the independent variable remains unchanged.
To distinguish between the starting and end points of the change, I first use a first
difference model as the base of the analysis, following York and Light (2017). First
difference models estimate parameters using Eq. (4), which is the difference between
the value of Eq. (1) at two different points in time. Concretely, the first-order
differential between each pair of adjacent time points in the panel data is pooled, and the
parameters are estimated based on the pooled data.
6

(4)
Next, consider parameters for distinguishing different directions of change in the
independent variable and states in which the independent variable remains unchanged.
Table 2 is an example of such parameters. Previous studies have assigned different
parameters for different directions of change (York & Light 2017; Allison 2019);
however, in this study, I leave the parameters of the fixed effects model before relaxing
the assumptions as they were and then add new parameters that represent the difference
in the effects permitted by relaxing each assumption. In this parametrization, testing the
statistical significance of newly added parameters makes it possible to examine whether
each assumption is appropriate in terms of goodness-of-fit to the data.
Table 2. Parameters to relax the assumptions of fixed effects model
(a) Distinguishing directions of change of an independent variable
End point
Regular
Non-regular
Starting
Regular
0
β+γ
point
Non-regular
-β
0
(b) Additionally distinguishing states in which an independent variable remains unchanged
End point
Regular
Non-regular
Starting
Regular
0
β+γ
point
Non-regular
-β
ζ

Specifically, as shown in Table 2(a), I define γ as the amount by which the effect of
the transition from regular to non-regular employment from the one by which of the
reverse transition from non-regular to regular employment in the absolute value. Then,
relaxing the assumption of the indiscrimination of states in which an independent
variable remains unchanged, I allow for unchanging in non-regular employment to
result in a difference from unchanging in regular employment and let ζ represent this
effect, as shown in Table 2(b). The model in 2(b), where both assumptions are relaxed,
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contains 3 parameters. In the end, this is equal to estimating the effects of a total of four
(2x2) moving and non-moving patterns separately, with one of them as a reference.
The parameters shown in Table 2 can be estimated based on a first difference model.
Parameter β, which exists also in the original first difference model, is automatically
obtained as the coefficient of the differential “type of employment” dummy variable,
while dummy variables corresponding to the other parameters must be set separately
and manually. For the example, I create a dummy variable to estimate γ, which takes 1
only in the case of regular employment at time t-1 and non-regular employment at time
t, and 0 otherwise. Similarly, I create a dummy variable to estimate ζ, which takes 1
only in the case of non-regular employment at both time t-1 and time t, and 0 otherwise.
If the independent variable in the model is only the non-regular employment dummy
variable, then the model in 2(b) is represented by the following Eq. (5) with the above
variables and parameters.

(5)
Notice that Eq. (5) cannot be derived from the original Eq. (1). Therefore, the
incorporation of change-pattern variables other than the differentials of the independent
variable in the original first difference model shifts the model’s worldview from one in
which the level of the independent variable determines the level of the dependent
variable, as shown in Eq. (1), to a completely different worldview, in which changes in
the independent variable determine changes in the dependent variable. In addition, this
shift in worldview eliminates an advantage of first difference models: controlling for the
unobserved effect specific to the individual [αi in Eq. (1)]. This is because
distinguishing between different directions of change and states remaining unchanged
discards the orthodox perspective shown in Eq. (1).
For the results of an analysis in which this model is applied to actual panel data,
refer to Arita (2013).
5.

DISCUSSION
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Why and when is it necessary to perform an analysis that distinguishes between
different directions of change in an independent variable and states in which an
independent variable remains unchanged rather than one that uses orthodox methods,
such as a fixed effects model? To start from the conclusion, distinguishing between
different directions of change and states remaining unchanged is useful when the
fundamental assumption of orthodox models (i.e., that the level of the dependent
variable at each point in time is explained by the level of the independent variable at
that point in time, as in Eq. (1)) conflicts with reality. While this list is by no means
comprehensive, this section considers specific cases in which such a model would be
necessary in relation to the mechanism behind the phenomenon to be analyzed.
Case 1: The change (rather than level) of an independent variable determines
the change in (rather than level of) the dependent variable.
The world is abound with examples of Case 1. The aforementioned ratchet effect
with regard to income and consumption levels—whereby the change and its direction in
income determines the change in the level of consumption—is one such case. Cases in
which the change (rather than the level) of the dependent variable is determined not by
the level of the independent variable but rather by its change from a previous point in
time could also arise in other situations, for example, in which the decrease in the
dependent variable is prone to resistance. If the mechanism behind a real-world
phenomenon fits this description, then naturally, we need to use a model based on the
assumption that changes in the independent variable (as defined in that mechanism)
determine changes in the dependent variable when analyzing that phenomenon.
However, even if we do not change our worldview for the phenomenon so
completely, there could still be situations in which the assumptions of a fixed effects
model are not satisfied and different directions of change and states remaining
unchanged do have a unique effect.
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Case 2: The “true factor” affecting the dependent variable is a latent variable
that fluctuates in correlation with the current as well as past values of a
manifest variable.
One such situation might be when the “true factor” affecting the dependent variable
is unobservable and must be treated as a latent variable. When this variable correlates
with a manifest variable, we end up performing the estimation with that manifest
variable incorporated into the model as the proxy indicator of the latent variable.
However, when the target latent variable fluctuates in correlation with the current as
well as past levels of that manifest variable, the assumptions of a fixed effects model are
no longer satisfied, which may make it useful to distinguish between different directions
of change in the independent variable and states in which the independent variable
remains unchanged.
For example, let us consider a situation in which people’s wage is determined by the
productivity each individual person exhibits, but individual productivity cannot be
directly observed and the amount of variation in individual productivity between two
points in time depends on the type of employment they were engaged in—regular
employment, with many opportunities for training; or non-regular employment, with
few opportunities—during that interval. In this situation, even if a person’s type of
employment does not change, their productivity would increase more if they remain in
regular employment than in non-regular employment. Since the amount by which their
wage increases also naturally differs in each case according to the difference in the
productivity increase, analyzing changes in wage between two points in time requires
knowing which type of employment the individual person has even if it does not change
during the interval.
Similarly, in a situation in which wages for regular employment are determined
based on individual productivity but a low fixed wage is paid for non-regular
employment, different patterns of change in individual productivity can result in
increases in wage when switching from non-regular to regular employment that are
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smaller than the corresponding drops in wage when switching from regular to
non-regular employment. Therefore, it would be useful to distinguish between different
directions of change when analyzing changes in wage in this case as well.
Case 3: The independent variable that affects the dependent variable is built on
the past history of another manifest variable.
In terms of form, Case 3 can be regarded as a variant of Case 2. In Case 2, while the
“true factor” that regulates the dependent variable in Case 2—the productivity displayed
by an employee according to the skills they have acquired up to that point—is a latent
variable, it is considered to exist objectively as a variable inherent in the individual.
However, the skills a person has acquired and the productivity corresponding to those
skills may be socially constructed concepts rather than objectively real things. For
example, Rosenbaum (1986) casts doubts on the realness of individuals’ abilities and
raises the possibility that they are inferred from the individual’s record of past
attainments. If we suppose that an employee’s skills and abilities are deduced on the
basis of their past career and simultaneously determine an employee’s wage, there is a
strong possibility that the basic assumptions of a fixed effects model do not hold.
As an example, if non-regular employment is generally assumed to offer employees
fewer opportunities to improve their skills through work, it is conceivable that an
employee who transitions from non-regular to regular employment would be regarded
as low-skilled and only able to earn lower wages than other employees in regular
employment as a result of their past career, which consisted of non-regular employment.
As before, if we suppose that employees in regular employment are paid wages
according to their skills, while a low fixed wage is paid for non-regular employment,
the drop in wage from transitioning from regular to non-regular employment would be
bigger than the rise in wage from the reverse transition from non-regular to regular
employment. As this shows, when the level of the dependent variable is determined
depending on the past history of other variables as a result of people’s inferences and
deductions, there are many cases in which the assumptions of a fixed effects model are
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not satisfied and a model that distinguishes between different directions of change and
states remaining unchanged fits better. There may be more cases in which the
assumptions of the fixed effects models based on Eq. (1) conflict the reality.
6.

CONCLUSION

In this study, I examined a method of analysis that relaxes the assumptions of fixed
effects models and distinguishes between different directions of change of an
independent variable and different states in which an independent variable stays
unchanged. As described, there are realistic situations in which the fundamental
assumptions of such models as fixed effects models are not satisfied. In such cases, the
model developed in this study, which distinguishes between different directions of
change and unchanged states, has a strong possibility of fitting real-world data better
than fixed effects models and other orthodox models.
In addition, this model can be used as a way to search for an appropriate model. The
previous section (Case 2 in particular) covered situations in which the independent
variable affecting the dependent variable is a latent variable; that discussion would also
apply when the independent variable affecting the dependent variable is a manifest
variable but has not yet been incorporated into the model. Therefore, the results of
applying this model could be used as a guide in the exploratory process of identifying
the variables that should be included in the model, which would make it easier to
identify those more important variables.
In the end, the important question is: what is the mechanism behind a phenomenon
assumed to be? A researcher must choose a model for analysis that fits the mechanism
behind the phenomenon they are analyzing. Accordingly, a researcher using this model
must persuasively demonstrate why they need to apply it, referring to the mechanism
behind the phenomenon.
This study is based on practical concerns in analyzing panel data, and there are still
many issues that need to be discussed with regard to the method described herein. I aim
to continue examining these issues in future work.
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東京大学社会科学研究所パネル調査プロジェクトについて
労働市場の構造変動、急激な少子高齢化、グローバル化の進展などにともない、日本社
会における就業、結婚、家族、教育、意識、ライフスタイルのあり方は大きく変化を遂げ
ようとしている。これからの日本社会がどのような方向に進むのかを考える上で、現在生
じている変化がどのような原因によるものなのか、あるいはどこが変化してどこが変化し
ていないのかを明確にすることはきわめて重要である。
本プロジェクトは、こうした問題をパネル調査の手法を用いることによって、実証的に
解明することを研究課題とするものである。このため社会科学研究所では、若年パネル調
査、壮年パネル調査、高卒パネル調査、中学生親子パネル調査の４つのパネル調査を実施
している。
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